Appendix
Table A.1 Overview of all features used in the base and extended datasets for route similarity modeling. The table specifies the feature name, data type, dataset presence, and a short description of its meaning and function
	Feature name
	Type
	Dataset
	Short description

	length
	Integer
	Base + Extended
	The length of the route in meters

	time_min
	Integer
	Base + Extended
	The duration of the route in minutes

	elevation_ascent
	Integer
	Base + Extended
	The total ascent of the route in meters

	elevation_descent
	Integer
	Base + Extended
	The total descent of the route in meters

	elevation_minAltitude
	Integer
	Base + Extended
	The minimum altitude of the route

	elevation_maxAltitude
	Integer
	Base + Extended
	The maximum altitude of the route

	rating_difficulty
	Integer
	Base + Extended
	The rating of the route difficulty (1–3)

	category_name
	Boolean
	Base + Extended
	The category of the route (hike or mountain hike)

	roundtrip
	Boolean
	Base + Extended
	Whether the route is a roundtrip or one-way trip

	winter_tour
	Boolean
	Base + Extended
	Whether the route is accessible in winter

	tags
	Boolean
	Extended only
	Additional binary information for the routes




Table A.2 Overview of related literature categorized by thematic focus: POI similarity, route assessment, route recommendation, and route similarity. For each paper, a brief summary outlines the methodological approach and key contributions
	
	Paper
	Summary

	POI similarity
	(Adams and Martin 2014)
	Introduces a way to measure how similar different places are by analyzing written descriptions of locations with topic modeling. The method adapts the importance of certain topics according to individual user interests. A user study showed this personalized method matches users’ opinions better than non-personalized similarity measures.

	
	(Cao and Thomas 2021)
	Proposes a similarity measure for travel destinations based on implicit user interests, which are inferred from sparse online user activities. The authors compare their method to common similarity measures used in recommendations and show improved results on real tourism data.

	
	(Preoţiuc-Pietro et al. 2013)
	Analyzes social media data (venue categories from Foursquare) from 17 U.S. cities to group and describe cities based on their venues. Different ways to aggregate venues spatially were tested, and the results showed significant differences depending on the chosen method.

	
	(Qiu et al. 2021)
	Uses reviews and images from online tourism platforms to measure how attractions relate to each other. By creating a structured network from textual and image data and applying embedding techniques, it identifies relationships between attractions.

	
	(Stamatelatos et al. 2021)
	Uses user-generated POI lists (e.g., Foursquare itineraries) to calculate similarities among attractions. It evaluates different similarity metrics (Jaccard, cosine, and SimRank) and finds that graph-based measures effectively represent tourists’ perceptions.

	
	(Tsai et al. 2024)
	Clusters tourists based on similarity in sequences of visited POIs using autoencoder feature vectors and cosine similarity. The system personalizes recommendations within each tourist cluster, improving itinerary planning based on travel styles.

	
	(M.-F. Wang et al. 2019)
	The authors developed a recommendation method for suggesting sequences of places tourists might visit. They used historical visitor data from real platforms (like Gowalla and Foursquare) and employed neural network embeddings to understand visitors’ typical movement patterns. The method significantly improved the accuracy of predictions about visitors’ next points of interest.

	
	(Yu et al. 2022)
	Proposes an itinerary recommendation framework combining POI similarity, popularity, and geographic distance. A personalized Markov chain model selects the next attraction, improving itinerary relevance by considering tourists’ preferences and travel contexts.

	
	(Zhao et al. 2019)
	This paper presents a method for improving search results for destinations in ride-hailing apps. It combines semantic (meaning-based) analysis of user queries with geographic information to rank destinations more accurately. Experiments on real-world datasets confirm improvements over traditional approaches.

	Route assessment
	(Calbimonte et al. 2020)
	The authors propose a structured data model using semantic web technology to categorize trails by difficulty characteristics (such as terrain type and technical challenges). This model helps build personalized recommendations for hikers with different levels of experience and physical capabilities.

	
	(Calbimonte et al. 2021)
	This paper introduces “Syris,” a geographic information system (GIS) that identifies and marks difficult sections (“Points-Of-Difficulty”) on hiking trails, considering aspects like required effort and risk. The system helps hikers choose suitable trails according to their physical abilities and was successfully tested with data from Switzerland.

	
	(Carvalhinho et al. 2015)
	This paper evaluates hiking trails in a natural park based on practical features like marking quality, trail condition, and safety. By systematically collecting and analyzing trail data, the study identifies main problem areas, aiming to improve trail quality and support sustainable tourism practices.

	
	(Molnár 2020)
	This paper presents TRAILSIGNER, a conceptual model for effectively planning and managing trail networks and signage using logical rules and geographic information. The approach ensures consistent and clear trail signage, reducing visitor confusion and enhancing safety.

	
	(Molokáč et al. 2022)
	This study investigates what motivates hikers when choosing trails, including factors like scenic beauty, trail difficulty, and personal goals. Survey data analysis provides insights into hikers’ preferences, supporting the creation of appealing and sustainable hiking experiences.

	
	(Vías and Ocaña 2014)
	The authors use geographic information systems (GIS) to assess how suitable different hiking trails are, considering multiple criteria such as accessibility and scenic value. They suggest alternative trails to spread visitors across less crowded areas, helping to prevent congestion and enhance sustainable tourism.

	Route recommendation
	(Cui et al. 2018)
	Proposes a recommendation system based on historical GPS data of tourists. It applies collaborative filtering to recommend personalized multi-stop travel routes, matching similar travelers based on their past visited attractions.

	
	(Mou et al. 2022)
	Develops a machine learning-based recommender that learns hidden patterns from historical tourist route data. The system encodes these patterns into features to recommend routes matching tourist interests better than traditional methods.

	
	(Oliveira e Silva et al. 2022)
	Introduces BR2, a personalized route recommendation method using drivers’ past GPS data. It learns drivers’ preferences and models their travel behavior, significantly improving recommendations compared to standard distance or time-based routes.

	Route similarity
	(J. Chen et al. 2020)
	Compares city tourism itineraries by analyzing event sequences (visited POIs, timing, and locations). The method enhances personalized travel route recommendations by identifying patterns in tourist behaviors across different cities.

	
	(Issa et al. 2016)
	Proposes a content-based recommender system for running routes by classifying routes according to performance, visual aspects, and route characteristics. Historical performance data from active runners is utilized to build user preference profiles. The method is evaluated empirically, achieving approximately 84% recommendation accuracy.

	
	(W. Zheng et al. 2019)
	Uses GPS data from tourists to measure similarity in their travel routes, applying dynamic time warping and earth mover’s distance. The method identifies patterns for visitor segmentation and better destination planning (e.g., managing crowding).



Table A.3 List of Python packages used for data processing, analysis, and modeling. The table includes package names and exact version numbers to ensure transparency and reproducibility of the computational workflow
	Package
	Version

	gower
	0.1.2

	matplotlib
	3.10.0

	numpy
	2.1.0

	pandas
	2.2.3

	pypair
	3.0.9

	requests
	2.32.3

	scikit-learn
	1.6.0

	scipy
	1.14.1

	seaborn
	0.13.2

	shap
	0.47.1

	statsmodels
	0.14.4

	xgboost
	3.0.0





